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Abstract

Diffusion large language models (dLLMs) have
recently attracted significant attention for their
ability to enhance diversity, controllability, and
parallelism. However, their non-sequential,
bidirectionally masked generation makes qual-
ity assessment difficult, underscoring the need
for effective self-evaluation. In this work,
we propose DiSE, a simple yet effective self-
evaluation confidence quantification method
for dLLMs. DiSE quantifies confidence by
computing the probability of regenerating the
tokens in the entire generated sequence, given
the full context. This method enables more ef-
ficient and reliable quality assessment by lever-
aging token regeneration probabilities, facilitat-
ing both likelihood estimation and robust un-
certainty quantification. Building upon DiSE,
we further introduce a flexible-length gener-
ation framework, which adaptively controls
the sequence length based on the model’s self-
assessment of its own output. We analyze and
validate the feasibility of DiSE from the per-
spective of dLLM generalization, and empiri-
cally demonstrate that DiSE is positively cor-
related with both semantic coherence and an-
swer accuracy. Extensive experiments on like-
lihood evaluation, uncertainty quantification,
and flexible-length generation further confirm
the effectiveness of the proposed DiSE.

1 Introduction

Recently, diffusion large language models
(dLLMs) (Nie et al., 2025; Zhu et al., 2025; Ye
et al., 2025; Yu et al., 2025; Zhong et al., 2026)
have emerged as a promising direction in natural
language processing. In contrast to auto-regressive
(AR) models, dLLMs adopt the generative
framework of diffusion models (Ho et al., 2020;
Nichol and Dhariwal, 2021; Song et al., 2020),
framing text generation as a progressive denoising
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process. This approach enables better diversity,
controllability, and parallel generation compared
to AR models. Nonetheless, the non-sequential
and bidirectional nature of dLLMs makes direct
likelihood-based self-evaluation challenging (Nie
et al., 2025). Concurrently, self-evaluation has
been recognized as a fundamental capability of
LLMs, serving as the basis for a wide range
of applications such as hallucination detec-
tion (Shorinwa et al., 2025; Fadeeva et al., 2024),
answer quality assessment (Chang et al., 2024),
and generation quality enhancement (Huang et al.,
2024; Xie et al., 2024).

In AR models, causal masking enforces a strict
left-to-right generation order, allowing sequence
probability to be decomposed into token-level con-
ditional probabilities. This simplifies the genera-
tion process and enables self-evaluation through
likelihood estimation. In contrast, dLLMs use bidi-
rectional masking and a non-sequential, stepwise
generation process, making direct likelihood-based
self-evaluation challenging. Currently, dLLMs rely
primarily on Monte Carlo simulation-based approx-
imations of sequence likelihood (Nie et al., 2025),
but this method is computationally expensive and
often yields suboptimal estimates, limiting its prac-
tical effectiveness. Moreover, owing to the intrin-
sic token-level self-evaluation signal provided by
next-token prediction in AR models, the genera-
tion length can be adaptively controlled via real-
time EOS token prediction. Unlike AR models,
conventional dLLMs lack such an effective built-
in likelihood-based self-evaluation signal, which
forces them into fixed-length generation and funda-
mentally restricts their flexibility.

In this paper, we aim to explore a more efficient
and effective self-evaluation technique and its ap-
plications for dLL.Ms by addressing the following
two research questions (RQ):

* RQ1. How can likelihood-based self-
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evaluation for dLLMs be made both faster and
more effective, and how can such a method be
made interpretable and empirically verified?

* RQ2. What are the practical benefits of ob-
taining a more efficient self-evaluation method
for dLLMs?

Contribution 1. To answer the first question, we
propose DiSE, a simple yet effective self-evaluation
confidence quantification method for diffusion
large language models. DiSE is derived by feed-
ing the entire sequence back into the dLLM and
computing the probability of regenerating its to-
kens under the full context. This method enables
the model to assess its own generation quality by
evaluating how well it can reproduce the original
sequence when conditioned on the entire context,
effectively leveraging its own internal predictions.
From an interpretability perspective, we analyze
DiSE in terms of the dLLM’s generalization capa-
bilities. We explain and empirically validate the ro-
bustness of dLL.Ms against input perturbations and
the feasibility of using token regeneration as a con-
fidence measure. From an empirical perspective,
we demonstrate through experiments that DiSE is
positively correlated with both semantic coherence
and answer accuracy.

Contribution 2. To answer the second question,
we apply DiSE to three different aspects. DiSE
provides a versatile mechanism for dLLMs, acting
as an effective estimator for conditional likelihood
evaluation and facilitating robust uncertainty quan-
tification (Shorinwa et al., 2025). This approach
significantly improves computational efficiency
while achieving higher evaluation accuracy com-
pared to traditional Monte Carlo simulation-based
methods. Based on DiSE, we introduce a training-
free flexible-length sequence generation method
that, unlike conventional fixed-length generation,
enables controllable and adaptive output lengths
guided by the model’s self-assessment. Serving
as a real-time self-evaluation mechanism, DiSE
guides the process of searching, assessing and stop-
ping to determine the optimal generation length.
Extensive experiments on likelihood evaluation, un-
certainty quantification, and flexible-length genera-
tion show the effectiveness of the proposed DiSE.

2 DiSE

2.1 Preliminary: dLLM Monte Carlo
Probability Estimation

DLLMs do not employ the causal masking used in
auto-regressive LLMs and therefore the probability
of generating a sequence cannot be factorized as a
simple product of conditional probabilities. To ap-
proximate the log-probability of generating a target
sequence X = (29,29,...,2%), the traditional
approach (Nie et al., 2025) adopts the following
term:

Elyxl

N L= sk token) | 1 o1 xt
7;1 [;tz = (mask to en)} 0g Py (xl | X )} ,

)]
where [ is uniformly sampled from {1,2,..., N},
and X! = (a},2%,...,7Y) is obtained by uni-
formly sampling [ tokens from X, replacing the
tokens at these positions with mask tokens, while
keeping all other tokens identical to those in X°.
Since the exact computation of this expectation
is intractable, Monte Carlo simulation (Harrison,
2010) is employed, where a finite number of sam-
ples are generated and the expectation is approxi-
mated by their empirical average. This approxima-
tion enables tractable estimation of sequence prob-
abilities for dLLMs. The probability estimation for
conditional generation and auto-regressive LLM
probability estimation is detailed in Appendix B.

2.2 Definition

In traditional likelihood estimation approaches,
whether using auto-regressive LLMs or dLLMs
with Monte Carlo simulation, the common
paradigm is to condition on the tokens at known
positions and predict the tokens at unknown posi-
tions based on their probability distributions. How-
ever, under the dLLM framework, it is also possible
to predict the tokens at positions that are already
known. In this work, we propose DiSE, a self-
evaluation confidence quantification method for
dLLMs that employs token regeneration probabil-
ity as a novel indicator of model confidence and
investigate different token sets to calculate token
regeneration probability.

Let the text sequence be X = (z1,x2,...,ZN).
The dLLM takes X as input and concurrently pre-
dicts the tokens at all positions that already ex-
ist. pp(x; | X) represents the probability of the
model regenerating token x; at position ¢ given the
entire sequence X. Accordingly, the probability
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(a) Monte Carlo simulation

(b) DiSE (ours)
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Figure 1: A simplified illustration of self-evaluation confidence quantification methods for clarity. (a) Monte Carlo
simulation approach for dLLMs. A total of N,,. simulations are performed. In the i-th simulation, a set of masked
positions {mask;-} is sampled. The tokens at these positions are replaced with mask tokens, and the model predicts
the probability of correctly generating these tokens. The final estimation is obtained by aggregating the results
across all N,,,. simulations. (b) The proposed DiSE for dLLMs. The set of selected positions {U} } is predefined.
The model receives the entire sequence and estimates the regeneration probability of the tokens at {U; }.

of the model regenerating X given X is formu-
lated as Hf\;l po(x; | X). Consider a binary mask
M € {0,1}", where M; = 1 indicates that the
token at position ¢ is included in the probability cal-
culation for regeneration, and M; = 0 means it is
ignored. Let U = {i | M; = 1} be the index set of
the selected positions. The probability of regenerat-
ing the tokens in the selected region is formulated
as [ ;e po(xi | X). After taking the logarithm
and averaging over the number of selected tokens,
the DiSE score is defined as follows:

DISE(X) = 77 Y logmo(a | X). -
€U

where different selection modes are employed to
determine the binary mask M € {0, 1}, thereby
controlling the index set of selected positions U.
This measure captures the model’s confidence in
regenerating its own tokens and allows flexible
evaluation over either local regions or the entire
sequence. For conditional generation with prompt
P and generated response R, the DiSE score is
calculated by treating the concatenated sequence
[P; R] as X. Figure 1 presents a simplified visual-
ization of the Monte Carlo simulation approach for
dLLMs and the proposed DiSE.

2.3 Analysis

During training, dLLMs receive no supervision for
regenerating tokens already known in the input,
meaning our method relies on a behavior the model
is never explicitly taught. The interpretability of
our approach therefore stems from the inherent
generalization capability of dLLMs.

Generalization Ability of dLLMs under Ran-
dom Perturbations. As illustrated in Figure 2,

| a4 T2 [ s |ptaying| witn [><| Ba [ ><[ear | ... |
e
= T = =]

Mask token GT token Any random token
O/ Start point
@/@® End point
™, Transformer forward

Latent space Word-specific sub

| 4 | car | is |playing| with | a | Bait | The | car | ... |

Figure 2: Generalization ability of dLLMs: Different
tokens map from distinct start points to similar end
points in the latent space.

consider a noisy sequence X, where 7; is a mask
token. T; is first mapped to a start point in the latent
space. After interacting with the surrounding con-
text through transformer layers, it eventually moves
toward an end point that falls within the word-
specific subspace of the ground-truth (GT) token.
Through dLLM training, the network learns the
ability to reach the correct word-specific subspace
interacting with the surrounding context. When we
replace T; with a random token, although the start-
ing point in the latent space changes, the model still
tends to move toward the correct target subspace.

. =R ... .
Consider X; , which is derived from a complete
sequence by replacing the token at position ¢ with

arandom token. Using X, as input, we evaluate
the rank of the GT token within the predicted prob-
ability distribution at position ¢. This procedure
is repeated across multiple sentences, positions,
and random token samples, resulting in a total of
20,000 trials. The distribution of GT token ranks is
summarized in Figure 3. Notably, the vast majority
of GT tokens occupy top ranks, with an 88.85%
probability of ranking < 5 and a 96.14% probabil-
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(a) Histogram of GT Token Probability Ranks
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Figure 3: Histogram and Cumulative distribution func-

tion (CDF) of GT token probability ranks.

ity of ranking < 10, confirming the generalization
capability of dLLMs from start points that are not
encountered during training.

GT Tokens Exhibit Better Generalization than
Random Tokens. As illustrated in Figure 2, com-
pared with a random token, the GT token naturally
possesses semantic consistency with the surround-
ing context, enabling the model to reach the correct
subspace more reliably and further enhancing the
effectiveness of token regeneration.

JS(|1q): JS Divergence
W1 (p, q): Wasserstein Distance
Distribution

JS(pllg) = 0.4489
Wi(p,q) = 30655.2
(mask token)
Distribution Z

(GT token) JS(pllg) = 0.4593
W1(p,q) = 30719.4

JS(|lq) = 0.0487
Wi(p.q) =1510.3

Distribution
(random token)

Figure 4: Mean pairwise distribution distances for GT,
mask, and random tokens using JS Divergence and
Wasserstein Distance.

Similarly to X", we define X." and X, as se-
quences obtained from a complete sentence by re-
placing the token at position 7 with the GT token
and the mask token, respectively. We feed Y? ,
Yﬁw and YZR into the model to obtain their respec-
tive predicted distributions at position ¢. We sample
a total of 2,509 instances and compute the pair-
wise distribution distances for each instance using
JS Divergence and Wasserstein Distance, subse-
quently calculating the mean values. As shown in
Figure 4, the mean distribution distance between
GT and mask tokens is significantly smaller than
that between random and mask tokens, confirming
the effectiveness of the token regeneration. More
analyses are detailed in Appendix E.

2.4 Observation

Observation I: Semantic Coherence Positively
Correlates with DiSE Scores. We sample 15 well-
formed sentences and generate fully randomized
versions by replacing all original tokens with ran-
dom tokens. The DiSE scores are computed for
both the natural and randomized sentences using a
binary mask M with all positions set to one, cor-
responding to the selection mode ‘full’. As shown
in Figure 5 (a), natural sentences achieve substan-
tially higher DiSE scores than their randomized
counterparts. Additionally, we perform three local
token randomization experiments, replacing 10 to-
kens in the front, middle or back regions of each
sentence, and the DiSE scores are measured for
these perturbed positions. In these experiments,
the selection modes are denoted as ‘first-10’/*mid-
10°/last-10’, indicating that M = 1 is applied
only to the respective region. Figures 5 (b), (c)
and (d) show that natural sentences consistently
obtain higher DiSE scores than randomized sen-
tences in all regions. These findings indicate that
DiSE effectively captures semantic coherence of
both global and local regions, allowing fine-grained
self-evaluation across different parts of a sentence.

5.0
Il HENEE "N N
(a (b) first-10 0.0

EE WE il o |

)

(c) mid-10 ‘ ‘ ‘ ‘ ‘ (d‘) last-10 -0

Figure 5: Differences between the DiSE scores of
natural sentences and randomized sentences using the
LLaDA-Instruct-8B model under four selection modes:
‘full’ (entire sentence), ‘first-10" (first 10 tokens), ‘mid-
10’ (10 tokens from the middle) and ‘last-10" (last 10
tokens). Each subfigure contains 15 blocks, represent-
ing 15 sampled sentences. All blocks are shown in green
(difference > 0), indicating that natural sentences con-
sistently achieve higher DiSE scores than randomized
sentences.

Observation II: Answer Accuracy Positively
Correlates with DiSE Scores. We conduct a se-
ries of experiments on four commonly used rea-
soning datasets: Countdown (Pan et al., 2025),
GSMSK (Cobbe et al., 2021), MATHS500 (Light-
man et al., 2023) and SVAMP (Patel et al., 2021).
The model outputs are categorized into two groups
according to whether the generated answers match
the ground-truth solutions. We compute the DiSE
scores separately for the correct and incorrect
groups and report their averages under two selec-
tion modes ‘full’ and ‘last-10’. The results, sum-
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marized in Figure 6, consistently reveal that correct
outputs tend to exhibit higher DiSE scores than in-
correct ones across different datasets. Importantly,
under the selection mode ‘last-10’, which focuses
on the final ten tokens closely associated with the
answer positions, the disparity between correct and
incorrect outputs is substantially amplified. This
finding highlights the strong correlation between
DiSE scores and answer accuracy, supporting the
reliability of the proposed DiSE.

Countdown GSMSK MATHS00 SVAMP

DiSE Score

Incorrect answer
0.8 Correct answer

(a) full

Countdown GSMSK MATHS500 SVAMP

|
o

Incorrect answer
Correct answer

|
I
(¥}

DiSE Score

() Iast-10
Figure 6: Comparison between the DiSE scores of cor-
rect and incorrect answers across four datasets using the
LLaDA-Instruct-8B model under two selection modes
“full’ and ‘last-10’.

3 Applying DiSE in Real-World Scenarios

3.1 Conditional Likelihood Estimation for
dLLMs.

Conditional likelihood estimation serves as an im-
portant metric for evaluating the generative ability
of language models. During the evaluation, we
estimate the probability or log-probability of gen-
erating a candidate response R conditioned on a
given prompt P. For each prompt P, there may be
multiple candidate responses, and we select the one
with the highest probability as the final answer and
compute the accuracy accordingly. In this work,
DiSE is employed as an approximate estimator of
the conditional likelihood evaluation via the uncon-
ventional regeneration probability, rather than the
standard generation probability.

3.2 Uncertainty Quantification for dLLMs.

Quantifying the uncertainty of model outputs is
crucial for assessing their reliability. In the con-
text of dLLMs, we use the DiSE score as a self-
evaluation signal to measure the confidence of a
generated sequence. Sequences with higher DiSE
scores are considered more reliable, while lower
scores indicate higher uncertainty. The negative of
the DiSE score is used to quantify the uncertainty

of the model output, with a higher value reflecting
a higher estimated uncertainty.

3.3 Flexible-length dLLM Generation with
DiSE

In general, dLLMs require the generation length
L to be fixed and specified in advance. Different
choices of L lead to different outcomes, and longer
generations incur higher computational costs. In
our work, we aim to relax the restriction of a
fixed generation length and instead allow the output
length to be adjusted flexibly within a controllable
range. This is enabled by DiSE, which provides
an intrinsic signal to evaluate the quality of genera-
tions without ground-truth supervision. Leveraging
this property, we propose a training-free flexible-
length dLLM generation method with DiSE.

Our method proceeds as follows. Given a prompt
P and a base length L, we first generate an ini-
tial response R of length L. Let R denote the se-
quence obtained by removing all EOT tokens from
R. We construct the complete token sequence as
XM = [P; R] and compute its DiSE score, which
serves as the guiding criterion for controlling the
generation length. Keeping the tokens in the early
positions unchanged, we apply a masking operation
to the last D tokens, and add one additional mask
token at the end of the sequence. We use the model
to regenerate the sequence, after which the DiSE
score of the newly generated sequence is computed.
At each iteration, D is incremented by one. This
process is repeated iteratively, with DiSE determin-
ing whether the extended generation is beneficial.
If the DiSE score improves, we retain the extension;
otherwise, if the DiSE score remains unimproved
for K consecutive iterations, we stop. To avoid
unbounded computation, we set a maximum of
M. iterations. The overall procedure is illus-
trated in Figure 7. This flexible-length generation
process uses the DiSE score as a self-evaluation
signal, enabling dLL.Ms to adaptively decide their
output length in a principled manner. The detailed
algorithm is provided in Appendix C.1.

4 Experiments

4.1 Experimental Setup

Experiments are conducted using two dLLMs,
LLaDA-Instruct-8B (Nie et al., 2025) and LLaDA-
1.5-8B (Zhu et al.,, 2025), on a diverse set
of datasets, including ARC-Challenge (Clark
et al., 2018), GPQA (Rein et al., 2024), Count-
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(a) Baseline: Fixed-length generation

(1) Generate all mask tokens step by step
(2) Remove all EOT tokens

(1) Generate all mask tokens step by step
(2) Remove all EOT tokens

(4) Mask the tokens at the final positions

(5) Add one mask token at the end of the sequence

1) Repeat (4) (5) (1) until the DiSE score remains
unimproved for multiple consecutive iterations or

“4) reaches the maximum iteration

(5) — Prompt token

) == Mask token
[TITTT—1 Predicted token
I EOT token

Figure 7: Illustration of the flexible-length dLLM generation framework with DiSE versus fixed-length generation.
(a) Fixed-length generation baseline. (b) Flexible-length generation with DiSE.

down (Pan et al., 2025), GSMS8K (Cobbe et al.,
2021), MATHS500 (Lightman et al., 2023) and
SVAMP (Patel et al., 2021). The conventional
Monte Carlo simulation approach for dLLMs is
used as the baseline, with the number of sam-
ples Ny, evaluated under two settings: Ny, = 1
and N,,. = 32. Additionally, we include the
auto-regressive LLM LLaMA3-Instruct-8B (Dubey
et al., 2024) for comparison in the experiments.
More details are presented in Appendix C.2.

4.2 Conditional Likelihood Estimation

We evaluate our approach on conditional likeli-
hood estimation, with results summarized in Ta-
ble 1. Compared to the conventional Monte Carlo
baseline, our method demonstrates substantial and
consistent gains on ARC-Challenge and GPQA,
demonstrating its reliability as a likelihood estima-
tor. It also achieves comparable or superior accu-
racy to auto-regressive LLM probability estimates.
In addition, we report the average number of model
forward passes per computation. Notably, com-
pared with Monte Carlo sampling at N, = 32,
our method achieves nearly a 32x efficiency im-
provement while providing higher accuracy. Using
LLaDA-Instruct-8B, our approach outperforms the
Ny = 1 Monte Carlo baseline (with similar com-
putational cost) by 23.6% on ARC-Challenge and
8.9% on GPQA. Even against the more expensive
Npe = 32 baseline, it delivers both a 32 speedup
and improved accuracy, with gains of 6.4% and
1.5% respectively. Additional results for Dream-
Instruct-7B (Ye et al., 2025) are presented in Ap-

Table 1: Conditional likelihood estimation results on
ARC-Challenge and GPQA. The table compares the pro-
posed DiSE against the Monte Carlo simulation baseline
with varying N,,,., and also includes a comparison with
the probability estimates from auto-regressive LLMs.
The last column reports the average number of model
forward passes per computation.

Method | ARC-Challenge GPQA | # NFE

MC, Npe =1 | 0.306 0212 | 1
LLaDA-Instruct-8B  MC, Ny = 32 | 0.478 0.286 | 32

DiSE (ours) | 0.542 0301 | 1

MC, Nppe =1 | 0311 0203 | 1
LLaDA-1.5-8B MC, Ny = 32 | 0.488 0275 | 32

DiSE (ours) | 0.567 0299 | 1
LLaMA-3-8B probability | 0.530 0304 | 1
pendix D.6.

4.3 Uncertainty Quantification

For uncertainty quantification experiments, we
evaluate the ability to distinguish correctness
among multiple generated answers for each ques-
tion using ROC-AUC scores (Kuhn et al., 2023),
where the ROC-AUC score measures the probabil-
ity that a randomly chosen correct answer receives
lower uncertainty than a randomly chosen incorrect
one. We generate 5 answers per question. Table 2
reports results on Countdown, GSM8SK, MATHS500,
and SVAMP with varying generation lengths. Com-
pared with the conventional Monte Carlo approach,
our method achieves substantial improvements. Us-
ing LLaDA-Instruct-8B, it improves average ROC-
AUC by 10.5% over Monte Carlo with N,,. = 1 at
comparable cost. Even compared to Monte Carlo
with N, = 32, which incurs a nearly 32x higher
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Table 2: ROC-AUC scores for uncertainty quantification on the Countdown, GSM8K, MATH500 and SVAMP
datasets with varing generation lengths. The table compares Monte Carlo simulation baseline with varying N,,.,
the proposed DiSE, and the perplexity calculation using the auto-regressive model LLaMA3-Instruct-8B. The last
column reports the average ROC-AUC scores across the preceding 12 settings.

| Countdown GSMSK MATH500 SVAMP | Avg. ROC-AUCH
Method / Gen Len ‘ 128 256 512 128 256 512 128 256 512 128 256 512 ‘
MC, Npe =1 ‘ 0.524 0520 0.528 0.539 0513 0540 0497 0541 0532 0563 0575 0.509 ‘ 0.532
MC, Ny = 32 ‘ 0.595 0.534 0558 0.590 0.552 0595 0.528 0578 0.531 0.616 0.551 0.647 ‘ 0.573
LLaDA-Instruct-8B
DiSE (ours) ‘ 0.578 0.521 0.622 0.633 0.644 0.658 0.611 0.634 0.604 0.688 0.692 0.755 ‘ 0.637
LLaMA perplexity ‘ 0.574 0419 0392 0.675 0.605 0.577 0.575 0.637 0.551 0.686 0.650 0.590 ‘ 0.578
MC, Npe =1 ‘ 0.525 0.588 0.528 0.516 0.559 0.525 0.558 0.514 0525 0562 0466 0.554 ‘ 0.535
MC, Nye = 32 ‘ 0.608 0.557 0.520 0.559 0.578 0.608 0.580 0.546 0.551 0.585 0.513 0.597 ‘ 0.567
LLaDA-1.5-8B
DiSE (ours) ‘ 0.610 0471 0.586 0.610 0.616 0.613 0.606 0.553 0.533 0.599 0.629 0.677 ‘ 0.592
LLaMA perplexity ‘ 0.596 0459 0362 0.635 0.631 0.546 0.652 0.588 0.550 0.639 0.587 0.620 ‘ 0.572
i To achieve the target of 44 using the numbers 13, 49,
Q;::in and 80, we need to find a combination to use all 0.005 &) 0.7 Datasets
target numbers once. We can start by considering the largest DiSE ?t 0.6 Countdown
number 44 number, 80, and see if we can reach the target Ist 4 LI) B GSMS8K
" S numbers using subtraction other numbers numbers. o MATHS500
using basic g 0.5
arithmetic Subtract thating 49 from 80 gives us 31, and adding 13 || -117.2 . " SVAMP
operations to 31 gives us 44. \n<answer>\n\\boxed {80 - 49 + 4th X MC 0.4 . —
ona given 13}\n</answer> ‘/ Correct full first-block ]als\s[_::::k first-10 last-10
set of - -
) To reach an expression of 44 using the numbers 13, 49, . . . . . .
'}ll";lf;s and 80, we need to consider the operations and their -0.137 DiSE Flgure 9 Ablatlon StUdy Of dlfferent DISE SeleCthH
PO (| OIS VRGN Sy (i (DR nd v ) modes for uncertainty quantification using LLaDA-
numbers in a way that allows us to reach target . .
I number. 49 can be broken down into 42 + 7, and 80 Instruct-8B with a generation length of 512.
can be broken down into 72 + 8. We can then use these | | -99.49 MC
numbers to reach the target 2nd 4
DLLM number.\n<answer>\n\\boxed {80 - 49 + 7;\<n</answer>
Wrong . . . .
\ - — : lection modes on uncertainty quantification, where
To find an arithmetic expression that evaluates to 44 -0.232 DiSE
using the r}umbers 13, 49, and 80, we need to consider | | 34 3¢ IS eaCh mode SpeCIﬁeS the Subset Of tOkenS used for
the operations and, - each number exactly be
used.\n<answer>\n\\boxed{ 80 -49 - 13 }\n</answer>| | -94.94 . com utin re eneration robablht : ‘full’ all to-
X Wrong st ) MC K P ‘ﬁg % K K p in th le] ( .
To achieve the target of 44 using the numbers 13, 49, enS), rSt-b oc (tO ens 1n the first generatlon
and 80, we need to consider a combination of -1.422 . ¢ _ ’ M 1
operations operations that will result us in 44. We can DiSE blOCk)’ laSt blOCk (tOkenS n the laSt generatlon
start by considering the largest number, 80, and see if 1 1 ¢ _ ’
we can use it to get 44. Notice that 80 - 44 = 36, which 1136 blOCk’ lnCIUdlng EOT tOkenS)’ ﬁrSt 10 (ﬁrSt 10
can be achieved using the remaining numbers 13 and MC generated tokens) and ‘last- 10, (last 10 non_EOT
49.\n<answer>\n\\boxed {80 - 40 - 4}\n</answer> 3rd X . .
WEong tokens). Figure 9 shows that using the last 10 non-
Figure 8: Qualitative example of uncertainty quantifica-

tion with four generated answers using LLaDA-Instruct-
8B.

cost, our approach remains superior by 6.4%. Com-
pared with the perplexity-based uncertainty from
an auto-regressive LLM, our method yields a 5.9%
gain on the same generations. Additional best-of-N
sampling results are presented in Appendix D.1.

We present a qualitative example in Figure 8
comparing DiSE with Monte Carlo simulation in
capturing answer correctness. Using four candidate
answers generated by LLaDA-Instruct-8B from the
same input, DiSE consistently assigns lower scores
to incorrect answers, corresponding to higher un-
certainty, while Monte Carlo with N,,,. = 32 fails
to do so. This example demonstrates that DiSE
offers more reliable, fine-grained sequence-level
uncertainty estimates. Additional qualitative exam-
ples are presented in Appendix D.2.

We investigate the effect of different DiSE se-

EOT tokens tends to yield higher ROC-AUC scores
on multiple datasets, as these tokens typically cor-
respond to the answer region. Earlier tokens offer
limited information on correctness, and including
EOT tokens in the last block degrades performance,
which aligns with our intuition. Additional results
under different selection modes are presented in
Appendix D.3.

4.4 Flexible-length dLLM Generation

Table 3 presents the evaluation results of flexible-
length dLLM generation on the Countdown,
GSMS8K, MATHS500 and SVAMP datasets with
multiple base lengths L. Two fixed-length base-
lines, generating sequences of length L or L +
M 4., are considered to reflect conventional fixed-
length generation. In contrast, our proposed
method employs DiSE to guide flexible-length gen-
eration, enabling adaptive adjustment of the out-
put sequence length. The results indicate that the
flexible-length approach with DiSE yields average

6588



Table 3: Results of flexible-length dLLLM generation with DiSE on the Countdown, GSM8K, MATHS500, and
SVAMP datasets with varying base lengths. The table shows two fixed-length baselines: Baseline, generating
sequences of base length L, and Baseline (Max Len), generating sequences of length L + M,,,,. These are
compared with the proposed flexible-length generation with DiSE (DiSE-flexible). The final column reports the

average accuracy across the preceding 12 configurations.

| Countdown GSMSK MATHS500 SVAMP | Ave, Accuracy

Method /BaseLen | 128 256 512 128 256 512 128 256 512 128 256 512 |

Baseline | 2617 1523 1250 6801 7665 7923 2620 32.80 3680 84.67 85.00 83.67 | 5224

Baseline (Max Len) | 25.00 1641 1562 6929 7680 7885 2560 31.60 3640 8533 84.67 83.00| 5238
LLaDA-Instruct-8B  piSE_fiexible (ours) | 27.73 18.36 15.62 70.96 79.68 79.30 2600 33.60 3660 87.33 86.00 8433 |  53.79

Baseline | 2422 1562 17.19 70.51 7748 79.53 2680 34.00 3680 87.00 84.67 8667 | 5337

Baseline (Max Len) | 2422 1758 1758 7195 7877 7953 2580 3420 37.00 8633 83.00 8633 |  53.52
LLaDA-1.5-88 DiSE-flexible (ours) | 26.17 1953 2227 7233 7953 80.06 27.20 3560 37.40 87.00 8500 87.00 |  54.92

improvements over fixed-length baselines across
multiple datasets and varying base lengths, provid-
ing strong evidence for the effectiveness of dynami-
cally adapting sequence length with DiSE in dLLM
generation. Comparison with another training-free
flexible-length dLLM generation method is pre-
sented in Appendix D.5. The ablation results are
presented in Appendix D.4 and comparison with
another training-free flexible-length dLLM genera-
tion method is presented in Appendix D.5.

5 Related Work

5.1 dLLMs

Diffusion Large Language Models (dLLMs) (Yu
et al, 2025) adapt the diffusion modeling
paradigm (Ho et al., 2020; Nichol and Dhariwal,
2021; Song et al., 2020), which is originally suc-
cessful in image and video generation (Podell et al.,
2023; Zhong et al., 2025), to natural language.
Early efforts, such as D3PM (Austin et al., 2021),
DiffusionBERT (Austin et al., 2021), RDM (Zheng
et al., 2023), MDLM (Sahoo et al., 2024) and
MD4 (Shi et al., 2024), focused on exploring train-
ing objectives, noise scheduling strategies, and
parameterization methods. Recent research in-
cludes LLaDA (Nie et al., 2025), the first large-
scale dLLM, DIFFUSION-LLM:s (Ye et al., 2023)
with multi-stage training strategies, and DiffuGPT
/ DiffuLLaMA (Gong et al., 2024), which adapt
pre-trained auto-regressive models to the diffu-
sion framework. DREAM (Ye et al., 2025) fur-
ther demonstrates strong performance in complex
reasoning tasks. Subsequent developments, such
as LLaDA 1.5 (Zhu et al., 2025) with variance-
reduced preference optimization for preference
alignment, TESS 2 (Tae et al., 2025) with auto-
regressive initialization and adaptive noise schedul-
ing, and EvoToken-DLM (Zhong et al., 2026) with

progressive token evolution and continuous trajec-
tory supervision, further improve generation qual-

ity.
5.2 Self-Evaluation for LLMs

Self-evaluation (Ren et al., 2023; Geng et al., 2023)
has emerged as a crucial mechanism in LLMs, pro-
viding models with the capability to assess the re-
liability of their own outputs and to produce inter-
nal measures of confidence and correctness. Self-
evaluation is most directly performed via likeli-
hood estimation, using the model’s probabilistic
output to quantify plausibility. Beyond likelihoods,
uncertainty quantification (UQ) (Shorinwa et al.,
2025; He et al., 2023; Vashurin et al., 2024) as-
sesses model confidence and is essential for miti-
gating hallucinations in risk-sensitive applications.
Token-level UQ estimates uncertainty from condi-
tional probability distributions using entropy-based
metrics, normalization schemes, or meaning-aware
scores such as perplexity (Shorinwa et al., 2025),
CCP (Fadeeva et al., 2024), and MARS (Bakman
et al., 2024). Self-verbalized UQ (Stengel-Eskin
et al., 2024; Xu et al., 2024; Lin et al., 2022) fur-
ther elicits confidence through explicit probability
statements or epistemic markers. Leveraging these
signals, recent work employs self-evaluation for
calibration to better align model confidence with
empirical accuracy, improving the reliability of gen-
erated outputs (Huang et al., 2024; Xie et al., 2024).

6 Conclusion

We introduce DiSE, a simple yet effective self-
evaluation confidence quantification method for
dLLMs. By employing token regeneration prob-
ability, DiSE achieves both high reliability and
computational efficiency. Building upon DiSE, we
propose a flexible-length generation framework,
which enables adaptive sequence lengths through
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real-time self-evaluation. Extensive analyses and
validations confirm the feasibility of DiSE. Com-
prehensive experiments across multiple datasets
demonstrate the effectiveness of DiSE and the
flexible-length generation framework with DiSE.
DiSE closes the gap in dLLMs by introducing an
efficient self-evaluation mechanism previously ex-
clusive to auto-regressive LLMs. By leveraging
DiSE, we overcome the fixed-length generation
constraint in dLL.Ms and open the door to broader
applications.

Limitations

Semi-autoregressive models that integrate dLLMs
with auto-regressive LLLMs have recently emerged,
but our method has not yet been evaluated on such
architectures. Given the differences in training
strategies and model design, their performance
may differ, which we plan to investigate in future
work. Moreover, although our current experiments
achieve strong results using simple token selection
strategies to compute DiSE, the optimal set of re-
generation tokens for computation may vary across
different tasks. Developing methods to systemat-
ically determine the best token subset for DiSE
computation is a focus for future research.
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Appendix
A Appendix Overview

This appendix provides more probability estimation formulas, more details, more experimental results
and more analyses to supplement the main paper. It is organized as follows:

* Appendix B: More Probability Estimation Formulas

— Appendix B.1: Auto-regressive LLM Probability Estimation

— Appendix B.2: Auto-regressive LLM Probability Estimation for Conditional Generation
— Appendix B.3: dLLM Monte Carlo Probability Estimation for Conditional Generation

* Appendix C: More Details

— Appendix C.1: Algorithm for Flexible-length dLLM Generation with DiSE
— Appendix C.2: More Implementation Details

¢ Appendix D: More Experimental Results

— Appendix D.1: Best-of-N Sampling Results

— Appendix D.2: Additional Qualitative Examples of Uncertainty Quantification

— Appendix D.3: Ablation Study for Different Selection Modes in Uncertainty Quantification
— Appendix D.4: Ablation Study for Flexible-length dLLM Generation
— Appendix D.5: Comparison with DAEDAL (Another Training-Free Flexible-Length dLLM

Generation Method)

— Appendix D.6: Additional Results using Dream-Instruct-7B

* Appendix E: More analyses

— Appendix E.1: Rank Distribution Statistics for Fixed Sequences and Positions

— Appendix E.2: Boxplot for Distribution Distances

— Appendix E.3: Examples for Comparison of Three Distributions

B More Probability Estimation Formulas

B.1 Auto-regressive LLM Probability
Estimation

Given an auto-regressive language model and a text
sequence X = (1,2, ..., zyN), the probability of
generating the entire sequence is factorized as the
product of conditional probabilities:

N
po(X) = [ [ po(xi | z<i), (S1)
=1

where z; = (x1,...,x;_1) represents all preced-
ing tokens, and € denotes the model parameters.
This factorization allows exact computation of the
sequence probability by multiplying the model’s
predicted probabilities for each token given its con-
text.

B.2 Auto-regressive LLM Probability
Estimation for Conditional Generation

In the context of conditional generation given a
prompt P, let R = (r1,79,...,7y) denote the
generated response of length N. The probability
of generating R given P for an auto-regressive
language model can be written as:

N

pQ(R ‘ P) = Hpe(’ri ‘ P7T<Z')7
i=1

(52)

where r-; = (r1,...,7;—1). This formulation
allows exact computation of the probability of a
model-generated response conditioned on a given
prompt.

B.3 dLLM Monte Carlo Probability
Estimation for Conditional Generation

For dLLMs, let R® = (v, 79, ... 7%) denote the

generated response of length N. The traditional
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Algorithm S1 Flexible-length dLLM Generation with DiSE

Require: Prompt P, base length L, maximum iterations M., patience K, mask size D

Ensure: Final generated sequence X

1: Generate an initial response R of length L given prompt P

2: Remove all EOT tokens from R to obtain R

3 XM = [P; R]

4: Compute initial confidence s < DiSE(X (1))
5:Set X « XU, g sW ¢t 1,c¢0

6: while t < M., do

7: t+—t+1

8: Mask the last D tokens of X =1 to obtain Xr(,tfl)
9: Regenerate sequence X () from the masked input [Xy(,ﬁ_l); (mask token)]
10:  s® « DISE(X®)

11: if s() > § then

12: X(—X(t),§<—s(t),c<—0

13: else

14: c+—c+1

15: end if

16: if ¢ > K then

17: break

18: end if

19: D+ D-+1
20: end while
21: return X

dLLM approach approximates the log-probability
of generating R" given P with the following term:

ELRl

N

Z 1 [ri = (mask token)] log pe (r? | P, Rl)
- S3)
where [ is uniformly sampled from {1,2,..., N},
and R = (r},r,...,r;) is obtained by uni-
formly sampling [ tokens from R, replacing the
tokens at these positions with mask tokens, while
keeping all other tokens identical to those in X,
Since the exact computation of this expectation
is intractable, we employ Monte Carlo simulation
to approximate it by sampling a finite number of
instances and taking their empirical average.

C DMore Details

C.1 Algorithm for Flexible-length dLLM
Generation with DiSE

We provide a detailed algorithm for the flexible-
length dLLM generation framework guided by the
DiSE score in Algorithm S1, which uses the DiSE
score as a self-evaluation signal to achieve control-
lable sequence lengths and improved generation
quality.

C.2 More Implementation Details

We evaluate the performance of our model across
the following benchmarks.

* ARC-Challenge (Clark et al., 2018): A sub-
set of 7,787 grade-school science questions
specifically filtered to exclude those solvable
by simple retrieval or co-occurrence methods,
thereby necessitating advanced logical reason-
ing.

* GPQA (Rein et al., 2024): A highly rigor-
ous benchmark of 448 expert-written multiple-
choice questions in biology, physics, and
chemistry.  These “Google-proof” prob-
lems are designed to challenge even domain-
specific PhDs and evaluate scalable oversight
for Al systems that surpass human-level per-
formance.

¢ Countdown (Pan et al., 2025): A combina-
torial task where models must derive a target
integer from a provided set of numbers using
elementary arithmetic operations.

* GSMBS8K (Cobbe et al., 2021): A benchmark
comprising 8.5K grade-school level math
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Table S1: Best-of-N sampling results for uncertainty quantification on the Countdown, GSM8K, MATHS500, and
SVAMP datasets with varying generation lengths. The table compares the baseline without best-of-N sampling,
Monte Carlo simulation with varying N,,., the proposed DiSE, and the perplexity calculation using the auto-
regressive model LLaMA3-Instruct-8B. The last column reports the average accuracy across the preceding 12

settings.
|  Countdown GSMSK MATHS00 SVAMP |
Avg. Accuracy
Method/GenLen | 128 256 512 128 256 512 128 256 512 128 256 512 |
Baseline | 2617 1523 1250 6801 76.65 7923 2620 3280 36.80 84.67 8500 83.67|  52.24
MC, Nye=1 | 2461 2148 17.19 6884 78.17 80.59 2580 33.80 36.40 84.67 8400 8500 |  53.38
LLaDA-Instruct-88 e v, =32 | 2969 2188 1641 7111 7870 8279 27.60 34.80 3620 8633 85.67 86.67|  54.82
DISE (ours) | 30.86 2422 27.34 7301 8241 83.02 2980 34.60 3820 8833 §7.00 90.00 |  57.40
LLaMA perplexity | 30.86 17.19 1133 7422 79.61 8120 28.60 3540 34.80 88.33 8667 85.67|  54.49
Baseline | 2422 1562 1719 70.51 77.48 79.53 2680 34.00 36.80 87.00 8467 86.67|  53.37
MC, Nye=1  [2422 2031 2422 7013 7945 80.89 2820 3480 37.60 8833 8467 87.33| 5501
LLaDA-1.5-8B MC, Npe =32 | 26.17 2070 2188 72.63 7991 8279 2840 3560 3880 88.00 8533 8633 | 5555
DISE (ours) | 2030 17.97 2891 7453 8196 8355 28.60 3440 37.40 88.00 8633 87.67 | 5655
LLaMA perplexity ‘1&‘)] 12.89 13.28 74.60 81.50 80.14 30.40 39.00 37.20 89.67 87.67 X7_(|l)‘ 55.19

problems that necessitate 2—8 steps of multi-
step logical reasoning.

* MATHS00 (Lightman et al., 2023): A cu-
rated subset of 500 high-school competition
problems from the MATH dataset, targeting
advanced problem-solving capabilities.

e SVAMP (Patel et al., 2021): A collection of
1K elementary word problems specifically de-
signed to evaluate model robustness against
diverse linguistic framing and narrative varia-
tions.

The datasets employed in our experiments are
categorized into two groups: those used for con-
ditional likelihood estimation and those intended
for conditional generation. Specifically, we con-
sider ARC-Challenge (Clark et al., 2018) and
GPQA (Rein et al., 2024) for conditional likeli-
hood estimation, which are challenging multiple-
choice science question datasets. ARC-Challenge
focuses on grade-school level questions that require
advanced reasoning beyond simple retrieval, while
GPQA contains expert-crafted questions in biol-
ogy, physics, and chemistry that are difficult even
for highly skilled humans and state-of-the-art Al
models. The generation process is configured to
produce two tokens per step. All experiments em-
ploy a semi-autoregressive decoding strategy (Nie
et al., 2025) with a block size of 32. For conditional
generation, we use Countdown (Pan et al., 2025),
GSMBS8K (Cobbe et al., 2021), MATHS500 (Light-
man et al., 2023), and SVAMP (Patel et al., 2021),
which involve arithmetic and mathematical prob-
lems requiring step-by-step reasoning, advanced

problem-solving, combinatorial thinking, and gen-
eralization across diverse problem formats. Regard-
ing the selection mode, i.e., the binary mask M, we
adopt different configurations for different datasets.
For ARC-Challenge, we set M = 1 for the last two
tokens of the prompt P. For GPQA, we set M =1
for the last seven tokens of the prompt P and the
first two tokens of the response R. For Count-
down, GSM8K, MATH500 and SVAMP, we adopt
the selection mode ‘last-10" by default, which sets
M =1 only for the last ten non-EOT tokens. For
flexible-length dLLM generation experiments, we
set the maximum number of iterations M,,,,, = 10,
the patience parameter K = 4, and the mask size
D = 20 by default.

D More Experimental Results

D.1 Best-of-N Sampling Results

In Section 4.3, we generate multiple answers for
each question and evaluate uncertainty quantifi-
cation using ROC-AUC scores. As an additional
experiment, we perform best-of-N sampling, se-
lecting the answer with the lowest uncertainty
(i.e., highest DiSE score in our proposed method)
among multiple generations per question, and re-
port the accuracy. Consistent with the main ex-
periments, we generate five answers per question.
Table S1 presents the evaluation results of our
method under the best-of-N sampling strategy on
the Countdown, GSM8K, MATH500, and SVAMP
datasets with varying generation lengths. The re-
sults demonstrate that our approach consistently
outperforms the baseline method that does not em-
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Question: Reach
target number 67
using basic
arithmetic
operations on a

-

To find an arithmetic expression using the numbers 71, 18, and 14 that evaluates to 67, we need to consider
the operations +, -, *, and / We can start by trying to combine the numbers in a ways that might us to reach
67.'s try with the and subtraction operations to achieve this.\n<answer>\n\\boxed{71 - 18 + 14}\n</answer>

™ DiSE MC

-0.011 -113.1
1st 4 5th X

C T(n'rcctj

given set of
numbers [71, 18,
14].

14}\n</answer>

&

To achieve the target number using the given numbers, we need to find the correct combination of
operations. Let's start by considering the numbers and their operations. We can try addition, subtraction,
multiplication, and division to see if we can reach the target number.\n<answer>\n\\boxed{71 - 18 +

N

-0.057 -62.11
2nd (2 2nd 4

Correct

J

We need to find an arithmetic expression using the numbers 71, 18, and 14 that evaluates to 67. Let's start
by considering combinations:\n- 71 divided by 18 gives 4.\n- 71 minus 14 gives 57.\n- 71 minus 18 gives
53.\n-We can that 71 - 14 - 18 = 67\n<answer>\n\\boxed {71 - 14-18}\n</answer>

-0.077 -104.4
3rd 1 4th X

X Wrong )

Vs

To achieve an expression of 67 using the numbers 71, 18, and 14, we need start by using the number 71. We
can subtract 18 from 71 to get 53. Then, we can subtract 14 from 53 to get 39. Finally, we can add 18 to 39
\_to get 67.\n<answer>\n\\boxed{71 - 18 - 14 + 18}\n</answer>

N

-0.206 -59.90
4th X 1st 4

x Wrong )

To achieve the target number using the given numbers, we need to use a combination of the operations

subtraction and addition. We can start by subtracting the largest number (71) from the sum number (18 +
14), which gives us 37. Then, we can add the smallest number (18) to this result to get the target number.
kTht:refore, the expression is: 71 - (18 + 14) + 18.\n<answer>\n\\boxed {71-32 + 18}\n</answer> x Wrong )

~

-1.727 -93.75
5th X 3rd A

N

Question:
Simplify

First, expand both products using the distributive property:\n\\[\n(u+4)(u-1) = u”2 + 3u - 4n\\]\n\\[\n(u-
3)(ut6) = u”2 - 3u - 18\n\\]\n\nNext, subtract the second expression from the first:\n\\[\n(u”2 + 3u - 4) -
(u”2 - 3u - 18) = 14\n<answer>\n\\boxed { 14 } \n</answer>

~ DiSE-Conf MC

-0.00028
1st 4

-55.88
3rd A

C orrcctj

$(ut+4)(u-1) - (u- -

3)(ut+6)S.

L 14\n<answer>\n\\boxed {14} \n</answer><|eot_id|>

First, expand both products using the distributive property:\n((u+4)()(u-1) = u"2 + 3u - 4\n((u-3)(ut6) = u"2
+ 3u - 18\nNow, subtract the second expression from the first:\n(u"2 + 3u - 4) - (u"2 +3u - 18) =

-75.77
4th X

-0.00032
2nd (2

Correct
J orrect |

First, expand both products using the distributive property:\n$(u+4)()(u-1) = u*2 + 3u - 48\n$(u-3)(u+6) =
u”2 + 3u - 18$\nNow, subtract the second expression from the first:\n$(u"2 + 3u - 4) - (u*2 + 3u - 18) = -

)
=)

| &
8

4+18=14%\n<answer>\n\\boxed {14} \n</answer> Correct ) 3rd 4 Lst &
~
First, expand both products using the distributive property: $(u+4)(u)(u-1) - (u-3)(u)(6+u)$. Then, combine -0.00104 -87.27
like terms: $u”2 + 3u -4 - (U2 + 3u - 18) =u”2 + 3u - 4 - u"2 - 3u + 18$. Simplify further: \n$=-u + 4th X 5th X
14$.\n<answer>\n\\boxed {-u + 14}\n</answer> X Wrong ) -
N
First, we expand the expression $(u + 4)(u - 1) - (u - 3)(u + 6)$. \nExpanding, we get $u*2 - 4 - (u"2 + 3u - -0.00138 5177
18)$. \nNext, we simplify by combining like terms: $u”2 - 4 - u*2 - 3u + 188. \nThis simplifies to $-3u + S.th % ”nd.L
148.\n<answer>\n\\boxed {-3u + 14}\n</answer> —

| N A N e —

x Wrong )

Figure S1: Additional qualitative examples of uncertainty quantification using LLaDA-Instruct-8B. DiSE assigns
higher scores to correct answers and lower scores to incorrect answers, while the Monte Carlo simulation (/V,,. = 32)
produces scores that do not consistently reflect correctness.

ploy best-of-N sampling across all tested configu-
rations, highlighting the effectiveness of selecting
the highest-scoring candidate based on DiSE. In
comparison to the conventional Monte Carlo sim-
ulation method, our approach yields substantially
larger improvements. In particular, when using the
LLaDA-Instruct-8B model, the proposed method
achieves an average accuracy gain of 5.16% over
all twelve generation length settings, whereas the
Monte Carlo method with a comparable computa-
tional cost, corresponding to N,,. = 1, achieves
only an improvement of 1.14%. Even when the
Monte Carlo method is applied with N,,. = 32, re-
sulting in an evaluation cost nearly 32 times higher,
the observed improvement reaches only 2.58%,
which is still considerably lower than the gain pro-
vided by our approach. Furthermore, we evalu-
ate performance using probability estimates ob-

tained from an auto-regressive LLM as a reference.
For instance, under the same generations, employ-
ing the auto-regressive LLM probabilities leads to
an improvement of merely 2.25%, which remains
below the performance enhancement achieved by
our method, thereby underscoring the superiority
of DiSE in best-of-N sampling and uncertainty
quantification. Importantly, the observed improve-
ments are consistent across both tested dLLM
variants, LLaDA-Instruct-8B and LLaDA-1.5-8B,
across four datasets and three generation lengths.
This consistency indicates that best-of-N sampling
guided by DiSE remains robust regardless of model,
task type or sequence length.
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Table S2: Additional ROC-AUC results for uncertainty quantification to investigate the impact of different selection
modes on performance. We evaluate two selection modes ‘full” and ‘last-10’. The table reports ROC-AUC scores
across the Countdown, GSM8K, MATH500, and SVAMP datasets with varying generation lengths, as well as the

average ROC-AUC scores over all settings.

| Countdown GSMSK MATHS500 SVAMP | Avg. ROC-AUCT
Method /GenLen | 128 256 512 128 256 512 128 256 512 128 256 512 |
LLaDA-Instruct.sp  DiSE (fuld | 0.616 0.672 0698 0.597 0585 0560 0514 0555 0517 0.665 0549 0.571 | 0592
DiSE (last-10) | 0.578 0.521 0.622 0.633 0.644 0658 0611 0634 0604 0.688 0692 0755 | 0.637
LLaDA-15.8B DiSE (full) | 0.591 0.664 0681 0593 0569 0546 0489 0590 0532 0630 0574 0.552 | 0.584
DiSE (last-10) | 0.610 0471 0586 0610 0.616 0613 0606 0553 0533 0599 0629 0.677 | 0.592

Table S3: Additional best-of-N sampling results for uncertainty quantification to investigate the impact of different
selection modes on performance. We evaluate two selection modes ‘full” and ‘last-10’. The table reports accuracy
across the Countdown, GSM8K, MATHS500, and SVAMP datasets with varying generation lengths, as well as the

average accuracy over all settings.

|  Countdown GSMSK MATH500 SVAMP |
Avg. Accuracy
Method / Gen Len ‘ 128 256 512 128 256 512 128 256 512 128 256 512 ‘
LLaDA-Instruct.gp  DiSE (ulD | 3086 2852 2734 7187 79.76 7953 2720 3460 3420 87.67 8533 87.00|  56.16
DiSE (last-10) ‘ 30.86 24.22 27.34 73.01 8241 83.02 29.80 3460 3820 88.33 87.00 90.00 ‘ 57.40
LLaDA.L5.8B DISE (full) | 2734 2500 3281 7233 79.45 80.06 2480 37.20 3800 8833 86.67 85.00| 5642
DiSE (last-10) ‘ 29.30 1797 2891 7453 8196 8355 28.60 3440 3740 88.00 86.33 87.67 ‘ 56.55
D.2 Additional Qualitative Examples of 161 ox O 30
Uncertainty Quantification : ¢ 8
. o . 159 26
Figure S1 presents additional qualitative examples S © 0o Q
. . . . z Y 24 8
of uncertainty quantification using LLaDA-Instruct- g o = patience ne
. . . . . . = 144 — iz}
8B. Consistently, DiSE effectively distinguishes g : E:g 20§
between correct and incorrect outputs by assign- & K4 18
. . By 16
ing higher scores to correct answers, correspond- + % baseline
ing to lower uncertainty, while the Monte Carlo 260 280 300 350 340 360

simulation with NV,,,. = 32 fails to align with the
correctness of the answers. These results provide
additional evidence of the effectiveness of DiSE as
a fine-grained uncertainty measure at the sequence
level.

D.3 Ablation Study for Different Selection
Modes in Uncertainty Quantification

In Section 4.3, we report the effectiveness of DiSE
for uncertainty quantification under the selection
mode ‘last-10’, showing substantial improvements
over the baseline across multiple datasets and gener-
ation lengths. To further validate the robustness of
this finding, we extend the analysis by additionally
evaluating the selection mode ‘full’ configuration
and directly comparing it with the mode ‘last-10’.
The ROC-AUC results are presented in Table S2
and the best-of-N sampling results are presented
in Table S3. Without specifying a local region
for computing regeneration probability, DiSE with
“full’ mode still achieves performance far above
the baseline, demonstrating the effectiveness of our

Average Forward Time

Figure S2: Ablation study on the Countdown dataset
using LLaDA-Instruct-8B with base length L = 512 for
flexible-length dLLM generation with DiSE, examining
the effects of different patience K and mask sizes D
on performance. The figure presents both accuracy and
the average number of model forward passes for each
configuration.

method.

D.4 Ablation Study for Flexible-length dLLM
Generation

To assess the impact of patience K and mask size
D, we perform an ablation on Countdown using
LLaDA-Instruct-8B and LLaDA-1.5-8B with base
length L = 512, reporting accuracy and average
forward passes in Figure S2 and Figure S3. Our
method generally outperforms the baseline, while
different K and D settings highlight a trade-off
between computational cost and performance.
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Table S4: Ablation study on flexible-length dLLM generation using LLaDA-Instruct-8B, analyzing the impact of
different patience values K on performance. The table reports accuracy on the Countdown, GSM8K, MATHS500,
and SVAMP datasets with varying base lengths, along with the average accuracy, the average number of model

forward passes and average time for each configuration.

| Countdown GSMSK MATH500 SVAMP | Avg, Accuracy  Avg, #NFE  Avg, Time(s)
Method /Base Len | 128 256 512 128 256 512 128 256 512 128 256 512 |
Baseline [26.17 1523 1250 68.01 76.65 79.23 2620 3280 36.80 84.67 8500 83.67| = 5224 149.3 327
DiSE-flexible (K=2) | 27.34 18.36 16.02 7043 7930 79.23 2640 3400 36.60 87.33 8600 8467 | 5381 182.3 3.86
DiSE-flexible (K=3) | 27.34 1797 1562 70.74 79.61 79.23 2580 3380 36.60 8733 86.00 8433|  53.70 199.3 4.18
DiSE-flexible (K=4) | 27.73 18.36 15.62 70.96 79.68 7930 2600 33.60 36.60 87.33 8600 84.33| 5379 2153 455

Table S5: Ablation study on flexible-length dLLM generation using LLaDA-1.5-8B, analyzing the impact of
different patience values K on performance. The table reports accuracy on the Countdown, GSM8K, MATHS500,
and SVAMP datasets with varying base lengths, along with the average accuracy, the average number of model

forward passes and average time for each configuration.

| Countdown GSMSK MATHS500 SVAMP | Avg. Accuracy Avg, #NFE  Avg, Time(s)

Method / Base Len ‘ 128 256 512 128 256 512 128 256 512 128 256 512 ‘
Baseline ‘ 2422 1562 17.19 7051 77.48 79.53 26.80 34.00 36.80 87.00 84.67 86.67 ‘ 53.37 149.3 3.25
DiSE-flexible (K=2) ‘ 2461 17.19 19.14 7240 79.23 80.06 27.40 3560 37.40 87.33 84.67 87.00 ‘ 54.34 182.0 3.84
DiSE-flexible (K=3) ‘ 24.61 19.14 20.70 7248 79.45 80.06 27.80 3540 37.40 87.00 84.67 87.00 ‘ 54.64 198.9 4.20
DiSE-flexible (K=4) ‘ 26.17 19.53 2227 7233 79.53 80.06 27.20 35.60 37.40 87.00 85.00 87.00 ‘ 54.92 214.7 4.53

» ®  Latience 30 not always proportional, highlighting the need to

. : §f§ 28 balance efficiency with achievable improvements.
9 = ® K= 26
<20 ® 248 D.5 Comparison with DAEDAL (Another
15} gk baseline ‘@ o e .
S a 22 Training-Free Flexible-Length dLLM
3] <
s ® - ¢ o ?Z 8 Generation Method)

O . .
17{ ® 16 We compare our flexible-length dLLM Generation
LJ with DiSE against DAEDAL (Li et al., 2025), an-

260 280 300 320 340 360
Average Forward Time

Figure S3: Ablation study on the Countdown dataset
using LLaDA-1.5-8B with base length L = 512 for
flexible-length dLLM generation with DiSE, examining
the effects of different patience K and mask sizes D
on performance. The figure presents both accuracy and
the average number of model forward passes for each
configuration.

We investigate the effect of different patience val-
ues K on flexible-length dLLM generation across
the Countdown, GSM8K, MATH500 and SVAMP
datasets with varying base lengths, testing under
both the LLaDA-Instruct-8B and LLaDA-1.5-8B
models. The summarized results are presented in
Table S4 and Table S5. Across all tested patience
K settings, the flexible-length generation guided
by DiSE consistently achieves substantially bet-
ter average accuracy than fixed-length baselines,
demonstrating the effectiveness of adaptive se-
quence length. Increasing K raises computational
costs, but the corresponding performance gains are

other training-free flexible-length dLLM approach,
using LLaDA-Instruct-8B under identical experi-
mental settings, with the same maximum output
length and the same number of tokens denoised
per step. As shown in Figure S4, our method
achieves superior performance on the GSM8K and
MATHS500 datasets compared to DAEDAL, demon-
strating both the effectiveness and stability of our
approach.

D.6 Additional Results using
Dream-Instruct-7B

To further validate the generalizability of our ap-
proach, we conduct additional experiments on con-
ditional likelihood estimation and uncertainty quan-
tification using Dream-Instruct-7B. The results for
conditional likelihood estimation are presented in
Table S6, while those for uncertainty quantifica-
tion are shown in Table S7. Our method consis-
tently outperforms the baseline in both tasks, fur-
ther demonstrating its effectiveness and versatility.
These results indicate that our approach can be
easily applied to other dLLM models trained with
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Figure S4: Comparison between our method and
DAEDAL on the GSM8K and MATHS500 datasets us-
ing LLaDA-Instruct-8B. The numbers in parentheses on
the x-axis indicate the maximum output length for each
setting.

similar methodologies.

Table S6: Conditional likelihood estimation results on
ARC-Challenge and GPQA using Dream-Instruct-7B.
The table compares the proposed DiSE against the
Monte Carlo simulation baseline with varying N,,..
The last column reports the average number of model
forward passes per computation.

Method | ARC-Challenge GPQA | # NFE

MC, Nppe =1 | 0.290 0223 | 1
Dream-Instruct-7B MC, Ny, = 32 ‘ 0.316 0.259 ‘ 32
DiSE (ours) | 0472 0297 | 1

E More analyses

E.1 Rank Distribution Statistics for Fixed
Sequences and Positions

For each fixed sequence, we replace the token at
a specific position with a random token and evalu-
ate the rank of the GT token within the predicted
probability distribution at that position. For each
sequence-position pair, 1,000 random tokens are
sampled from the vocabulary and the resulting GT
rank distributions are analyzed. As illustrated in
Figure S6 and Figure S7, we analyzed 20 different
sequence-position pairs. The results indicate that
the GT token predominantly occupies low ranks
within the distribution. Although there is some vari-
ation between different sequences and positions,
even in the worst-case scenario, the probability that
the GT token appears within the top 10 ranks re-
mains above 70%. These findings further confirm
the generalization ability of the dLLLM under ran-
dom perturbations.

E.2 Boxplot for Distribution Distances

For each fixed sequence, we replace the token at
a specific position with the GT token, the mask
token, and a random token, respectively, and com-
pute the pairwise distribution distances using JS
Divergence and the Wasserstein Distance. We an-
alyze a total of 2,509 instances and the resulting
boxplot is shown in Figure S5. The results indi-
cate that the distribution distances between GT and
mask tokens are consistently much smaller than
those between either of them and random tokens,
further demonstrating the effectiveness of the token
regeneration approach.

6598



Table S7: Additional ROC-AUC results for uncertainty quantification using Dream-Instruct-7B. The table reports
ROC-AUC scores across the Countdown, GSM8K, MATH500, and SVAMP datasets with varying generation
lengths, as well as the average ROC-AUC scores over all settings.

| Countdown  GSMSK MATHS500 SVAMP | Avg. ROC-AUCY
Method/GenLen | 128 256 128 256 128 256 128 256 |

MC, Ny = 1 | 0463 0.548 0473 0.503 0538 0464 0510 0551 | 0.506
Dream-Instruct-7B e N, =32 [ 0600 0482 0483 0497 0471 0576 0469 0467 | 0.506
DiSE (ours) | 0651 0.505 0591 0.530 0543 0445 0.604 0482 | 0.544
JS Divergence Distribution Wasserstein Distance Distribution
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Figure S5: Boxplot of Pairwise Distribution Distances for GT, mask and random tokens using JS Divergence and
Wasserstein Distance.
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Figure S6: Cumulative distribution function (CDF) of GT token probability ranks for fixed sequence and position.
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E.3 Examples for Comparison of Three Distributions

As discussed in Appendix E.2, we obtain the distributions corresponding to the GT token, the mask token,
and a random token. Here, we directly compare these three distributions and sample multiple examples
for a clearer illustration, as shown in Figure S8. The results further demonstrate the effectiveness of the

token regeneration approach.
Distributions for Example 1
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Figure S8: More examples for distributions of GT, mask, and random tokens and their comparison.
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